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Abstract The Everglades National Park (ENP) has one of the largest mangrove forests in the United States,
yet due to lack of data and methods, there has been no multidecadal record of detailed changes in its
mangrove forests, not to mention their response to periodic hurricanes. Here, based on remote sensing
spectroscopy, multisensor cross calibration, spectral normalization, and pixel unmixing, we develop a
stepwise method to map distributions and changes of the ENP mangrove forests and other major
wetlands cover types (marshes and hardwood hammocks) over the last three decades. The time series
of Landsat-based results indicate statistically signiﬁcant increasing trend from 1985 to 2017 in the total
ENP mangrove coverage with a cumulative increase of 10.2%, which has increased in the inner
coastline area but decreased in the outer coastline area. The mangrove coverage also decreased
considerably in certain hurricane years (1992, 2005, and 2017), with the largest decrease of 644.9 km2
(46.5% of the mean mangrove area in normal years) occurring in 1993 after Hurricane Andrew. Yet,
these large mangrove die-off areas gradually recovered to prehurricane levels 3–4 years after the
passage of major hurricanes. Results also indicate that while the mangrove forests were always
damaged by hurricanes, the extent of the damage depended on wind speed, direction, and distance
from maximum wind. The ﬁndings here could serve as baseline information for future restoration efforts
of the ENP ecosystem, and the study also provides a method extendable to other coastal
wetland regions.

1. Introduction
Coastal wetland mangrove forest systems at the land-ocean interface hold critical ecological functions,
including coastal erosion prevention and biodiversity preservation (Dittmar et al., 2006; Faunce & Serafy,
2006; Lugo & Snedaker, 1974; Mazda et al., 2002). However, due to extreme weather events such as hurricanes, sea level rise, and increased human activities such as deforestation, freshwater diversion, and land
use changes, coastal mangrove forests in recent decades are under great pressure or being destroyed
(Richards & Friess, 2016; Thomas et al., 2017). In addition to degradation of ecological function, decreases
in mangrove forests can also affect the community structure and nutrient biogeochemical cycle between
land and ocean (Lagomasino et al., 2014). As such, accurate information on the long-term spatiotemporal
changes of coastal mangrove forests is important to understand dynamic hydrologic balance between ocean
and land (Alongi, 2008; Ross et al., 2000).
The Everglades National Park (ENP) is the largest mangrove forest in North America. It serves as a habitat for
numerous wading birds and marine organisms and provides a ﬁrst barrier to protect inland ecosystems from
hurricane-induced storm surges and strong winds (McIvor et al., 2012). The Everglades is also located in the
west of one of the largest tropical cyclone zones-the Atlantic basin tropical cyclone zone (Figure 1a)—and
therefore subject to hurricane damages to its mangrove forests and local economy (Figure 1b). The state
of Florida, where the ENP is located, experienced the most (18 events) billion-dollar hurricane-induced
damages in the past 38 years (Figure 1b) (National Oceanic and Atmospheric Administration (NOAA)
National Centers for Environmental Information, 2018).
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Accurate assessment of the mangrove forests of the ENP and their temporal changes is important to understand how mangrove forests respond to restoration efforts (such as the Comprehensive Everglades
Restoration Plan), climate variability, and extreme weather events (such as hurricane perturbations).
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Figure 1. (a) The 1851–2000 Atlantic basin tropical storm tracks (source: https://coastal.er.usgs.gov/hurricanes/extremestorms/hurricanes.php). (b) Number of tropical cyclone events that caused economic damages of more than one billion
dollars during the period of 1980–2017 (https://www.ncdc.noaa.gov/billions/). (c) The ENP in Florida (United States) shown in a
false color Landsat-8 OLI image on 2 November 2014. Blue arrows show water ﬂow direction in the wet season. The inset
ﬁgure shows coastal line (red), major rivers (blue), and location of the ENP in Florida. The circles in (a) and (b) outline the state
of Florida. The yellow dots annotate locations of the three meterological stations. ENP = Everglades National Park.

Unfortunately, such an assessment is always technically challenging because mangrove forests may occupy a
large area at synoptic scale, making it difﬁcult to use traditional ﬁeld surveys or sporadic airborne surveys to
map their spatial distributions and temporal changes. With synoptic coverage and repeated measurements,
remote sensing may provide an effective solution to mapping mangrove forests and monitoring their
changes in time, once appropriate methods are developed (Ozesmi & Bauer, 2002). However, mangroves
could be patchy at local scale and tend to be mixed with other land cover types, posing challenges to
remote sensing-based wetland classiﬁcations (Dale et al., 1996; Kamal & Phinn, 2011). In addition, crosssensor differences (e.g., band settings of the Landsat sensors) must be accounted for when long-term time
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series is to be derived, as most satellite sensors are designed to have a mission life of only a few years (Teillet
et al., 2001).
In the past, remote sensing images have been used to map the ENP mangrove forests and to document
their short-term or long-term changes, including mangrove encroachment/expansion and their responses
to hurricane perturbations and sea level rise (Krauss et al., 2011; Ross et al., 2000; Wang, 2012). Several
agencies have produced detailed vegetation maps for the ENP based on remote sensing and ground
survey data using different classiﬁcation schemes (Davis, 1967; Florida Fish and Wildlife Conservation
Commission and Florida Natural Areas Inventory, 2016; Welch & Madden, 1999). However, it is difﬁcult
to apply the classiﬁcation schemes to time series images because they require detailed ecological knowledge of each vegetation cover type and abundant ground truth data, and the spatiotemporal dynamics
of mangrove forests are difﬁcult to capture by a single snapshot image. Based on aerial photos, mangrove
forests have been found to expand landward by ~1.2 km into previous marshland in the southeast Taylor
slough Everglades (Ross et al., 2000) and to increase in the Ten Thousand Islands (Krauss et al., 2011).
Lidar measurements were also used to quantify the impact of Hurricanes Katrina and Wilma in 2005
(Zhang et al., 2008). However, these previous studies only focused on several snapshots when comparing
two time periods, on the geospatial analyses of a single time period, or on changes in a small area or
several sites in the ENP (Zhang et al., 2008). Moderate Resolution Imaging Spectroradiometer (MODIS)
time series images have been used to detect the recovery of mangrove forests after storms in the ENP
(Wang, 2012) and to document the response of leaf area changes of the mangrove forests to the passage
of Hurricane Wilma (Barr et al., 2012). Yet the patchy features of wetland cover types are difﬁcult to
quantify with the 250-m resolution MODIS data, and the MODIS data only cover a relatively short time
span (2000 to present). Thus, there is a lack of systematic assessment of long-term changes in the ENP
mangrove forests due primarily to data and methodological challenges.
Hence, given the availability of long-term medium-resolution satellite data from the Landsat series
and lack of synoptic and systematic assessment of the ENP mangrove forests, the following
research questions will be addressed in this study: (1) What are the long-term (1985–2017)
changes in the distributions of the ENP mangrove forests and other major wetlands cover types?
(2) How did major hurricanes impact the ENP mangrove forests? Speciﬁcally, the study has the following objectives:
1. Develop a reliable method to classify the mangrove forests and other wetlands cover types of the
ENP using Landsat images at pixel level, which accounts for cross-sensor differences and mixed
pixels.
2. Document changes in the ENP mangrove forests and other major wetlands cover types over the latest
three decades and understand their linkage with hurricane disturbance and the Everglades
restoration.

2. Study Area and Data Sets
2.1. Study Area
Located in South Florida (24°50.30 –25°53.70 N and 80°22.70 –81°31.20 W), the Mangrove forest of the ENP is the
largest mangrove forest in the United States (Figure 1c). Under the inﬂuence of subtropical and tropical climate, the ENP has two seasons: dry season (November to May) and wet season (May to November), where
over 80% of annual precipitation (~1,323 mm) occurs in the wet season (Duever et al., 1994). The water ﬂows
from Lake Okeechobee to the southeast and discharges to the Gulf of Mexico and Florida Bay through the
two waterways (Taylor and Shark Rivers).
2.2. Data Sets
Landsat 30-m atmospherically corrected data, including Landsat-5 Thematic Mapper (TM), Landsat-7
Enhanced Thematic Mapper Plus (ETM+), and Landsat-8 Operational Land Imager (OLI), were used to map
ENP wetlands cover types and study their temporal changes. The entire study region is covered by two
Landsat footprints (path 015 row 042 and path 015 row 043). After visual inspection to exclude those with
signiﬁcant cloud cover, 37 Landsat images with minimal (<5%) cloud cover between 1985 and 2017 were
downloaded from the U.S. Geological Survey (USGS) (http://glovis.usgs.gov/). The surface reﬂectance data
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of Landsat-5 TM and Landsat-7 ETM+ were generated by the USGS
using atmospheric correction embedded in the Landsat Ecosystem
Disturbance Adaptive Processing System, while surface reﬂectance
data of Landsat-8 OLI were generated using the Landsat Surface
Reﬂectance Code (https://landsat.usgs.gov/landsat-surface-reﬂectance-high-level-data-products). The details about these images
including their temporal distribution are listed in supporting information Table S1. Images collected between November and February of
the next year (dry season with limited precipitation) were used to
examine the long-term mangrove changes because the environmental and hydrological conditions are expected to be similar among
these images. Landsat data of other months acquired in posthurricane years were also obtained, which were only used to calculate
the damaged areas. The gaps of Landsat 7 ETM+ images
(LE720071107 and LE720121222) due to the Scan Line Corrector error
were ﬁlled using images collected in adjacent days because these
images have gaps in different pixels.
Figure 2. Flow chart of the Landsat-based wetland classiﬁcation method.
The method was applied to every Landsat pixel to classify it into one of the
four types: mangrove forests, marshes, water, and hardwood hammock.
STD = standard deviations; NDVI = normalized difference vegetation index;
NDWI = Normalized Difference Water Index.

Several 1-m resolution Digital Orthophoto Quadrangle (DOQ) images covering the study region were also downloaded from the USGS (https://
earthexplorer.usgs.gov/). The data were collected on 24 December 1999.
Each DOQ image covered 3.75 min both in longitude and latitude (corresponding to about 6.5 km in each direction), and the image displacement
caused by terrain relief and camera tilt was corrected through postprocessing (https://online.wr.usgs.gov/ngpo/doq/). These high-resolution images were used to select ground truth
samples to validate the Landsat-based classiﬁcation maps.

Precipitation data and temperature data were obtained from the three nearest meteorological stations
(Figure 1c) through a data archive of the Florida Coastal Everglades Long Term Ecological Research (LTER)
Climate Data (http://fcelter.ﬁu.edu/data/climate/FCE/). Hurricane data (name, wind speed and direction,
and track) were obtained from the NOAA Historical Hurricane Tracks (https://coast.noaa.gov/hurricanes/?
redirect=301ocm). The annual sea level data (site name: Vaca Key, location: 24.71°N, 81.11°W) were downloaded from the Permanent Service for Mean Sea Level (http://www.psmsl.org/). The line coverage of canals
were downloaded from Florida Coastal Everglades LTER website (http://fcelter.ﬁu.edu/data/GIS/?layer=
canals#layer).
Furthermore, the ENP boundary used in this study was provided by the Florida Natural Areas
Inventory (http://fnai.org/shapeﬁles/FLMA_metadata_201606.htm).

3. Methodology
There are two components in this study. The ﬁrst focused on classifying, quantifying, and validating various
wetland cover types from individual Landsat images (objective # 1). The second is focused on establishing a
long-term time series from derived classiﬁcation maps, and examining the factors causing interannual
changes (objective #2).
3.1. Classifying and Quantifying Wetland Cover Types From Landsat Imagery
In order to facilitate reading and understanding of the individual steps, a ﬂow chart is presented in Figure 2,
where details in these steps are described below.
First, reference maps were selected to determine the major wetland cover types and their general distributions. The main cover types of the ENP are mangrove forests, marshes, water, and hardwood hammocks (tree
islands), according to the publicly available ENP wetland classiﬁcation map (produced by the Center for
Remote Sensing and Mapping Science of the University of Georgia, http://fce.lternet.edu/research/sites/
images/vegetation_map_July2008.jpg) (Welch & Madden, 1999) and the 1967 classiﬁcation map (produced
by the Agricultural Experiment Stations Institute of Food and Agricultural Sciences University of Florida,
http://ufdc.uﬂ.edu/UF00000505/00001) (Davis, 1967). The details of these four cover types are described
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brieﬂy as follows: (1) Mangrove forests of the ENP are mainly distributed along the southwest coast of Florida
Bay, and the dominant species are red mangroves, black mangroves, white mangroves, and Buttonwood. Red
mangroves are distributed along the outer coastline of the mangrove forests where tidal inﬂuence is strong,
while black mangroves are distributed along the inner coastline where tidal inﬂuence is weaker. Prop roots of
the red mangroves increase the tree stability against winds, absorb water, and defend against storm surges
and strong winds. (2) Marshes of the ENP include salt marshes and freshwater marshes that are dominated by
sawgrass. In this study, salt marshes and freshwater marshes are treated as one type because of their similarity in Landsat reﬂectance spectra. (3) Waters of the ENP include seawater, fresh water in the inland region, and
brackish water around their interface. In this study they were treated as one type. (4) Hardwood hammock
includes different broad-leafed trees, often making them appear like small tree islands in highresolution imagery.
The approach for classifying and quantifying wetland cover types was carefully selected among several
candidates. In this study, instead of the commonly used land cover classiﬁcation methods such as random forest, neural network, or other machine learning or clustering algorithms (Civco, 1993; DeFries &
Chan, 2000; Gislason et al., 2006), a spectroscopy-based approach was developed to classify and quantify different wetland cover types. This is because traditional methods classify each pixel into one class,
but the 30-m Landsat pixels may contain more than one cover type. The advantage of the
spectroscopy-based method is in its ability to obtain end-members from the pure pixels in the same
image and to perform spectral unmixing and determine fractional cover within individual pixels
(Atkinson et al., 1997; Van Der Meer, 1995). Indeed, ~39.1% of the Landsat pixels in the study region
are determined to contain more than one cover type (see below), suggesting the necessity of such
a method.
Finally, various steps were required to develop and validate such an approach to classify each Landsat pixel
and unmix the pixel into different cover types, which are explained below following the stepwise approach
illustrated in Figure 2.
Step 1. Landsat data processing
Cross-sensor calibration. The Landsat sensors (TM on Landsat-5, ETM+ on Landsat-7, and OLI on Landsat-8)
are slightly different in their wavelengths and spectral responses. Therefore, the same cover type may
result in different surface reﬂectance spectra (after atmospheric correction). To account for this discrepancy before applying a uniﬁed classiﬁer to all images, cross-sensor calibration was used to bring TM
and ETM+ reﬂectance to OLI-compatible reﬂectance, after which the classiﬁer developed for OLI images
could be applied to TM and ETM+ images. In this study the cross-sensor calibrations were conducted following the approach developed earlier (Feng et al., 2016; Song, 2004; Teillet et al., 2001; Wulder et al.,
2008). In practice, cross-sensor calibration coefﬁcients for each band were determined using 3,000 random
pixels of surface reﬂectance of the OLI images and ETM+ (8-day offset relative to the OLI) images, then
applied to the ETM+ images to bring their reﬂectance values to OLI-compatible values (Figures S1a–S1f).
The method was repeated for six bands of the TM images and the cross-calibrated ETM+ images, with
the surface reﬂectance of TM images adjusted to ETM+ images (and therefore OLI images)
(Figures S1g–S1l). It is noted that without such cross-sensor calibrations the spectral unmixing results
are erroneous (see Figure S7).
Normalization. The reﬂectance magnitude for the same cover type showed large variability, due primarily
to the different growing stages of the vegetation, statures, covers, illuminations, and dry-wet conditions
(Figure S2a, mangrove forests; Figure S2c, marshes; Figure S2e, water; and Figure S2g, hardwood
hammocks). Spectral normalization could reduce such variability, making it easier to quantify spectral
changes among different cover types (Wu, 2004). Therefore, each spectrum was normalized using the
following method:
Ri ¼

Ri
∑Ni¼0 Ri

(1)

where Ri is the normalized reﬂectance for band i; Ri is the surface reﬂectance for band i before normalization;
∑Ni¼0 Ri is the sum of reﬂectance for all bands; and N is the number of bands (N = 6). Figures S2b, S2d, S2f, and
HAN ET AL.
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S2h show the normalized surface reﬂectance spectra of mangrove forests,
marshes, water, and hardwood hammocks for same samples in Figures
S2a, S2c, S2e, and S2g. Clearly, the spectral variability for the same cover
type has been minimized in the normalized spectra.
Step 2. Training sample selection
Ideally, ﬁeld measurement should be conducted to select various cover
types for model training and model validation. However, due to rapid
inundation changes, shallow water in the mangrove forests areas,
complex morphology, and storm-induced damage to the transportation facilities, it is difﬁcult to conduct direct ﬁeld observations in the
ENP, especially in the posthurricane years (Doyle et al., 2009).
Instead, several studies showed that high-resolution images available
through Google Earth™ (https://www.google.com/earth/) could be
used as alternatives for the same purpose (Han et al., 2015). The four
cover types of the ENP could be easily interpreted from such images,
Figure 3. Mean normalized reﬂectance spectra of different wetland cover acquired just 1 month after the Landsat OLI image (LC820141102) on
16 December 2014 and with limited differences in tide levels
types of the Everglades National Park, derived from the training samples
from the atmospherically corrected OLI image. The vertical bars are the
(0.21–0.40 m) between the two acquisition dates. More than 2,000 ranstandard deviations. The spectral shapes of the four classes are highly disdom points were selected within the ENP boundary on high-resolution
tinguishable between the visible and near-infrared regions. The inset ﬁgure
image (location shown in Figure 3 inset), which were visually detershows the spatial distribution of the ground truth samples for the four cover
mined to be mangrove forest, marshes, water, and hardwood hamtypes on the high-resolution Google Earth images (imagery date: 16
mocks. Each point was selected in a homogenous area where a large
December 2014), acquired 45 days after the Landsat OLI image.
region (>60 m × 60 m) was dominated by one cover type. Half of
these data were used as training data, and the other half were used as validation data. To avoid perturbations of tides and human-induced water release (from a number of different water conservation areas
to the ENP) between the OLI image and the high-resolution Google Earth image, the reference data
were cross-checked using several popular indexes including normalized difference vegetation index
(NDVI) and normalized difference water index (NDWI), all calculated from the surface reﬂectance (a
higher NDVI indicates higher probability of vegetation, and a higher NDWI indicates higher probability
of water). For example, if a higher NDWI was found for a marsh pixel, it is likely to be changed from
marsh to water during the period between Landsat OLI image and Google Earth image acquisition
dates and should be removed from the marsh samples. Likewise, if a higher NDVI was found for a water
pixel, it could have changed from water to other cover types during this period and should be removed
from further processing.
Figure 3 shows the mean and standard deviations (STD) of the normalized Landsat OLI spectra for the
training samples. All four cover types can be easily distinguished in the visible-near-infrared (NIR) spectral regions except between mangrove forests and hardwood hammock. Fortunately, mangrove forests
and hardwood hammock are distributed in different regions of the ENP, and thus can be separated
spatially if not spectrally. Mangrove forests are distributed around the ENP coastline, while hardwood
hammocks are primarily distributed sporadically in the inland freshwater marshland. Although there
are hardwood hammocks near the coast, the areas are negligible compared to mangrove areas.
Therefore, according to the Florida Cooperative Lands Cover Map (http://atoll.ﬂoridamarine.org/data/
zips/custom/clc/CLC_V3_1_Raster_new.zip)(Florida Fish and Wildlife Conservation Commission and
Florida Natural Areas Inventory, 2016), the boundary of the mangrove forests and hardwood hammock
was delineated for the subsequent classiﬁcation (the mangrove mask is shown in the last panel of
Figure 5).
Step 3. End-member selection
The pure pixels for each cover type were identiﬁed using the mean and STD of the classiﬁed and normalized spectra. For a pixel, if its normalized spectral value is within the mean ± scale factor × STD of a certain
cover type, it will be regarded as a pure pixel of that type, otherwise it will be regarded as a mixed pixel
(scale factor = 1.5). Then, all pixels in the image were classiﬁed as either being pixels of a certain cover
type or being mixed pixels. For those mixed pixels, a constrained least squares linear spectral mixing
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Figure 4. Illustration of subpixel changes within Landsat 30-m pixels. (a) False color Digital Orthophoto Quadrangle (DOQ)
image (1-m resolution) acquired on 24 December 1999 (from 25.66° to 26.67°N and 81.17° to 81.16°W), with a small region
(red box) enlarged in (b) and its classiﬁcation results shown in (c) (light blue: 57% water; dark green: 43% mangrove).
(d) False color Landsat ETM+ image collected on 5 February 2000. Each square in (a) and (d) represents a Landsat pixel
(30 × 30 m). (e) False color DOQ image obtained on 24 December 1999 (from 25.64° to 25.65°N and 81.15° to 81.14°W), with
a small region (red box) enlarged in (e) and its classiﬁcation results shown in (g) (light green: 60% marshes; dark green: 40%
mangrove). (h) False color Landsat ETM+ image collected on 5 February 2000. The DOQ image was used as ground
truth data to gauge the uncertainties of the unmixing method applied to the concurrent 30-m resolution Landsat imagery.

method was used to determine the abundance fractions of different cover types in the mixed pixels, as
described below.
Step 4. Unmixing
Figure 4 shows two examples of the mixture of different end-members within Landsat pixels (Figures 4d
and 4h), which were classiﬁed as water/mangroves (Figure 4c) and marshes/mangroves (Figure 4g) from
the high-resolution DOQ image. Therefore, additional unmixing efforts are required to address this problem when Landsat images are used to classify different cover types. In this study, the original spectral
curves (without normalization) were used for spectral unmixing analysis, as the reﬂectance magnitudes
of different bands provide critical information for spectral unmixing. First, the classiﬁcation results in
Step 3 above for each cover type were considered as pure-pixel end-member spectra after calculating
the mean. To avoid potential errors, pixels near the boundary between two or more cover types were
excluded from the end-member spectra.
The constrained least squares linear spectral mixing method was used to determine the presence percentages of the end-member in the mixed pixels (Heinz, 2001). The method assumes that the mixed pixel in
the Landsat image is a linear mixture of all components within the pixel. Then, each mixed pixel in the image
can be expressed as
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where Enbi is the reﬂectance value for band i (i = 1, 2, 3, 4, 5, 6) of the end-member n (n = 1,2,3). Mbi
is the reﬂectance value for band i of the mixed pixel. The xl and xu are the lower and upper bounds
on the constraints of the variables, respectively. The xn is the proportion of the end-member n
2 3
2 3
0
1
6 7
6 7
(n = 1,2,3), and xl = 4 0 5,xu = 4 1 5.
0

1

The method was used to determine relatively coverage of three end-members (mangrove forests, water, and
marshes) in the mixed pixels for the mangrove areas, and three end-members (hardwood hammocks, water,
and marshes) were applied to the non-mangrove areas. Then, the abundance value for each end-member (xn)
in a mixed pixel was derived by applying the above constrained linear least squares spectral mixing method.
The abundance value represents relative coverage of the end-member within a pixel. For example, 100%
mangrove abundance means that a pixel is 100% covered by mangrove, while 30% represents 30% of a pixel
covered by mangrove and the remaining 70% covered by other types.
3.2. Validation and Accuracy Assessment
The high-resolution Google Earth images on 31 December 2003 were used to select data to evaluate ETM+
classiﬁcation result on 15 January 2004. Similarly, reference data selected from the 16 December 2014
Google Earth image were used to evaluate OLI classiﬁcation result on 2 November 2014. The confusion matrix
was used to assess the accuracy of the classiﬁcation results (Congalton, 1991; Provost & Kohavi, 1998).
For each classiﬁcation result, the classiﬁcation uncertainty comes from two sources: (1) errors induced by the
classiﬁcation algorithm itself; (2) uncertainties of the long-term wetland changes induced by the data collected in different months of the observed years. Assuming these error sources are independent, the total
classiﬁcation uncertainty (T) can be expressed as
T¼

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
A2 þ R2

(5)

where the absolute error (A) is the classiﬁcation error calculated from the confusion matrix for the class and
relative error (R) is relative classiﬁcation difference between two Landsat images of <96 days apart in the
same year.
The 1-m resolution DOQ image acquired on 24 December 1999 was used as the reference data to evaluate
the unmixing result from the cross-calibrated Landsat ETM+ data (LE720000205). Each Landsat pixel corresponds to 30 × 30 coregistered DOQ pixels. For each water-mangrove mixed pixel, the corresponding 900
DOQ pixels were ﬁrstly classiﬁed as water or mangrove based on a threshold value estimated from the
normalized difference value between red and NIR bands of the DOQ pixels, and these 900 classiﬁed pixels
were used to calculate the fractional coverage (0–100%) within the corresponding Landsat pixel and then
compared with that estimated from the Landsat data. This process was repeated for each Landsat pixel.
The unbiased root-mean-square uncertainty (URMSU) was used in this study to evaluate the accuracy of
the unmixing method:
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(6)

where DOQi is the abundance derived from the DOQ image, LANDSATi is the abundance estimated from the
Landsat image using the constrained least squares linear spectral mixing method, and n is the number of the
selected pixels.
3.3. Time Series Analysis
To show changes of mangrove forests/marshes/hardwood hammocks in the past three decades, the rate of
abundance changes for each pixel/location was calculated as follows. The 30-m resolution abundance map
was resized to 300-m resolution to remove noises, for otherwise many features would be smeared. For any
300-m location with a valid abundance value, a linear regression was used to derive the abundance changing
rate from the time series maps. The regression slope was considered to be the abundance changing rate if
the linear relationship was statistically signiﬁcant (i.e., p < 0.05). Locations with zero abundance values were
excluded from the calculation.
To further reveal the potential impacts of hurricanes on mangroves, correlation between the areas of
damaged mangrove forests and hurricane wind speeds (after a distance-based weighting) was analyzed.
The damaged mangrove areas were calculated as the differences between prehurricane year and posthurricane year. For example, the mangrove loss induced by Hurricane Irma in 2017 was calculated as the difference between Landsat classiﬁed mangrove areas in January 2017 and December 2017. The geometrical
center of the classiﬁed mangrove forest was calculated using the ArcGIS 10.1 software, where the distance
between the geometrical center and the hurricane path was estimated (denoted as D). Correlation analysis
was conducted between the damaged mangrove coverage and inverse distance weighted wind speed
(i.e., wind speed/D). The calculation was only applied to posthurricane years.
Similarly, annual mean sea level, precipitation, and mean water temperature were examined in relation to
mangrove coverage in order to determine whether there exists a statistically signiﬁcant relationship
(Alongi, 2008; Gilman et al., 2008).

4. Results
4.1. Long-Term ENP Wetland Maps
After adjusting surface reﬂectance to the same level of the OLI image on 2 November 2014, the 28 Landsat
images were used to classify image pixels into four major wetland cover types (mangrove forests, marshes,
water, and hardwood hammock) and mixed pixels. Total accuracies/Kappa coefﬁcients for the
LE720040115 and LC820141102 images (used to represent the entire data sets) were determined to be
88.7% (Kappa = 0.83) and 88.7% (Kappa = 0.82), respectively (Table 1).
Figure 5 shows the classiﬁcation maps for every year between 1985 and 2017. The spatial distributions of the
mangrove forests and other wetland cover types are clearly shown in these maps. In general, from coastal to
more inland regions of the ENP, the cover type changed from water to mangrove forests and then to marshes
and hardwood hammock. Mangrove forests were found primarily along coastlines in the southern and southwestern regions of the ENP, and part of marshes (salt marshes) and mangroves coexist in the coastal area. A
relatively large area of marshes (freshwater marshes) was found in inland areas next to the mangrove forests.
Areas of hardwood hammocks were relatively small on all maps, which were sporadically distributed in the
marshland. In addition to the pure cover types, mixed cover types are mainly observed in the circled regions
1 and 2 in Figure 5. Furthermore, mangrove forests appeared to have decreased signiﬁcantly in the posthurricane years, and such changes will be detailed below.
4.2. ENP Mangrove Abundance Maps and Long-Term Changes
After unmixing every pixel and ﬁlling data gaps (due to scattered clouds) using temporarily adjacent data,
maps of mangrove distributions were obtained, where each location was assigned a fractional coverage
value (i.e., abundance) of 0–100%. Figure 6 shows the mangrove abundance distribution maps for each year
between 1985 and 2017. Although the annual distribution maps appear similar from year to year, the coverage of mangrove forests decreased signiﬁcantly in the posthurricane years, for example, in 1993 and 2006
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Table 1
Validation of the Landsat-Based Wetland Classiﬁcation Maps in 2004 and 2014 Using Samples Selected From High-Resolution
Google Earth Images
Mangrove
forest

Marshes

Water

Tree
island

Mixed

Total

Producer’ s
accuracy

Classiﬁcation results (LE720040115)
Ground truth of
31 December 2003

Mangrove
forest
Marshes
Water
Tree island
Total

163

1

0

0

14

178

91.6%

0
0
0
163

294
0
4
299

0
81
0
81

0
0
32
32

52
0
2
68

346
81
38
643

85.0%
100.0%
84.2%

Overall accuracy = 88.7%
(Kappa = 0.83)
Classiﬁcation results (LC820141102)
Ground truth of
16 December 2014

Mangrove
Forest
Marshes
Water
Tree island
Total

329

7

3

0

24

363

90.6%

14
1
0
344

360
0
2
369

12
51
0
66

10
0
36
46

22
2
2
50

418
54
40
875

86.1%
94.4%
90.0%

Overall accuracy = 88.7%
(Kappa = 0.82)

(outlined in red in Figure 6). Additionally, high abundance (~100%) of mangrove coverage was found in the
northern and western coastal regions of the ENP during the entire observation period (except for
posthurricane years), but abundance was much lower in landward regions. Figure 7 further shows the
long-term changes of the total integrated mangrove forests area from 1985 to 2017. From these time
series results, the coverage of the mangrove forests ﬂuctuated between 1985 and 2016 with a statistically
signiﬁcant increasing trend of 6.4 km2/year. The cumulated increase is about 10.2% from 1985 to 2015.
Note that although the uncertainties in the estimated mangrove forests area for individual images are
estimated as 9.2%, these uncertainties indicate data spread (from algorithm validation and from crossimage difference between temporarily adjacent days) rather than data bias. Therefore, the long-term trend
and cumulated increase are both expected to be valid. For the hurricane years, because of lack of
temporarily adjacent images (e.g., within 1–2 months) to assess cross-image difference, uncertainties for
individual hurricane years are unknown but are assumed to be similar to other normal years.
However, while as a whole the ENP showed an increasing trend in mangrove forests cover, the ﬁndings for
individual locations are different. Figure 8a shows that during the latest three decades, the coverage of mangrove forests increased in the inner coastal areas (positive changing rate, Figure 8b) but decreased along the
western outer coastline. Figure 8b shows an example of the linear regression between abundance and time
for a selected pixel, with an increasing rate (regression slope) of 0.0247 abundance year1. About 90 m of
mangrove forest along the eastern coastline has disappeared from 1985 to 2016 (Figure S3). About
3.2 km2 mangrove forests were lost in the outer coastal area due to hurricane disturbance (Figure 11), and
the coverage of mangrove forests expanded within the ENP by approximately 172 km2 from 1985 to 2017.
The detailed changes of the mangrove boundary in regions 1 and 2 (locations annotated in Figure 5) are
shown in Figures S3 and S4, respectively. Clearly, the loss of mangrove forests area in the outer coastal area
was due to hurricane disturbance (Figure 9).
4.3. Hurricane Impacts on Mangrove Forests
The time series of mangrove forest changes also showed signiﬁcant decreases after several hurricane years
(1992 Andrew, 2005 Katrina/Wilma, and 2017 IRMA, etc.). Changes after other storms were also found
although those changes were within the uncertainty range of normal years. In this study, all hurricanes passing through or near the ENP area were selected to study their potential impacts on mangroves (Table 2). The
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Figure 5. Classiﬁcation maps of the Everglades National Park between 1985 and 2017. The last panel shows the mangrove
mask for the classiﬁcation. Titles colored in red indicate posthurricane years. Regions 1 and 2 are circled for further analysis.

most striking decreases occurred in 1992 and 2005 (Table 2 and Figure 7), when 644.9 km2 and 588.5 km2
mangrove forests were damaged after Hurricane Andrew (1992, wind speed 114 kts or 60 m/s), Hurricane
Katrina (2005, wind speed 66 kts or 34 m/s), and Hurricane Wilma (2005, wind speed 97 kts or 50 m/s).
Correlation analysis between damaged mangrove areas and inverse distance weighted wind speed
showed signiﬁcant relationship, with a determination coefﬁcient (R2) of 0.97 (Figure 10). In other words,
~97% of the mangrove forest variations in the posthurricane years can be explained by hurricanes, clearly
indicating the destructive impacts of hurricanes on mangrove forests. The impacts of hurricanes on
mangrove forest structure included defoliation, snapping trucks, and uprooting (Castañeda-Moya et al.,
2010; Smith et al., 1994). On the other hand, although the branches and leaves were damaged following
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Figure 6. Abundance maps of mangrove forests for the Everglades National Park between 1985 and 2017, after spectral
unmixing. Titles colored in red indicate posthurricane years, and those circled in red indicate severe hurricane years (see
text for details). Abundance is deﬁned as the areal density within a pixel: A value of 50% indicates that 50% of the pixel is
covered by mangrove. Pixels with abundance of 100% are associated with the mangrove pixels in Figure 5.

hurricanes, the tree stems still remained intact. Within several years (3–4 years) a thick canopy may redevelop
following a major hurricane. The hurricanes can also induce high mortality at some speciﬁc sites. Figure 11
shows that 3.2 km2 mangrove forests were lost in the outer coastal area from 2005 to 2016, and these lost
areas never recovered in the following years after 2005 Hurricane Katrina/Wilma.
To examine spectral changes of the mangrove forests after hurricanes, three sites (two for mangrove forests
and one for marshes) were selected from the LT519901015 (pre-Hurricane Andrew) and LT519921207 (postHurricane Andrew) images (locations of the three sites shown in Figure 1). The mean normalized surface
reﬂectance of mangrove forests and marshes before and after Hurricane Andrew for the three sites are

HAN ET AL.

3481

Journal of Geophysical Research: Biogeosciences

10.1029/2018JG004501

shown in Figure S6. Overall, the spectra of marshes appeared similar
before and after Hurricane Andrew, but spectra of mangrove forests
showed signiﬁcant changes in both magnitude and spectral shape after
Hurricane Andrew. Indeed, the spectra of the hurricane-damaged mangrove forests appeared similar to those of normal marshes. Thus, the
damaged mangrove forests after hurricanes were classiﬁed as marshes.
Figure 9 shows the maps of damaged mangrove forests together with hurricane trajectories and hurricane wind speeds. The areas of damaged mangrove forests are highly related to the hurricane trajectories and wind
speeds. For Hurricane Andrew (wind speed 114 kts or 59 m/s when passing
the ENP), it took almost 3 years for the mangrove forests to recover to preFigure 7. Long-term changes of mangrove forest area in the Everglades
hurricane levels (Figures 9b and 9c). Although Hurricane Charley had
National Park from 1985 to 2017. Red dots indicate posthurricane years.
Note that the posthurricane years data were not included in the regression of higher wind speed than Hurricane Andrew, the eye of the former was
93.2 km away from the ENP, thus reducing its destructive impacts on manmangrove forests areas.
grove forests (Figure 9e). In contrast, when Hurricane Wilma (wind speed
97 kts or 50 m/s) moved from southwest to northeast (i.e., from the ocean directly to the ENP), all mangrove
forests near the outer coastline were destroyed (Figure 9f). Thus, the degree of damage depends on the hurricane trajectory, direction, wind speed, and proximity to the ENP.
4.4. Long-Term Changes of Other Marshes and Hardwood Hammock
Although the focus of this study is on ENP mangrove forests, two by-products of the image classiﬁcation and
unmixing are abundance distributions of marshes and hardwood hammocks. We therefore present the ﬁndings about these two cover types brieﬂy here.
Signiﬁcant changes occurred to the ENP marshes (Figures 8c and S5). In contrast to the mangrove changes,
the coverage of Marshes showed a signiﬁcant decreasing trend in the inner coastline area during the threedecade period (Figure 8c). Negative changing rates were observed for areas where mangrove showed positive changing rates, suggesting that the marshes in these areas were replaced by mangrove forests. Likewise,
positive changing rates of marshes were found to correspond to negative changing rates of mangrove. In
addition, along the main water ﬂow path (region 1 in Figure 5), coverage of marshes decreased signiﬁcantly
in recent years (Figure 8c).
The ENP hardwood hammocks also experienced signiﬁcant changes. Figure 8f shows that the hardwood
hammocks coverage increased along the canals L-29 and L-67EXT (red dots in Figure 8g), corresponding
to decreased marshes along the canals (blue dots in Figure 8c). Opposite trends occurred in the red circled
area in Figures 8c and 8f, with hardwood hammocks disappeared and replaced after 2003 (Figures 8c, 8e,
8f, and 8h), yet the reasons of these abrupt changes are unknown.

5. Discussion
5.1. Uncertainties in Wetland Maps
In this study, long-term time series of the ENP wetland cover types (mangrove, marshes, and hardwood hammocks) were derived from Landsat imagery through a spectra-based classiﬁcation and unmixing approach,
which provided baseline data to quantify changes over time and study event responses. One critical requirement in deriving long-term (> 30 years) time series classiﬁcation maps is data consistency across several sensors as they have different band settings, spectral responses and calibrations. In this study such a challenge
was addressed through cross-sensor calibration and spectral normalization. Indeed, without cross calibration
or spectral normalization, the same classiﬁcation scheme could lead to erroneous results, as shown in the
examples in Figure S7. Nevertheless, the fundamental question behind the correct interpretation of the
long-term time series is, still, how valid are these results?
The uncertainties of the classiﬁcation results and mangrove abundance maps come from several sources. The
ﬁrst is the classiﬁcation itself, the second is the temporal variability within the dry season of the same year,
and the third is the unmixing scheme. From the validation results, uncertainties in the classiﬁcation of mangrove forests are 8.4% (91.6% producer’s accuracy) for LE720040115 and 9.4% (90.6% producer’s accuracy)
for LC820141102. Adding on top of these uncertainties are the short-term temporal changes within the
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Figure 8. Mean annual changing rates of mangrove forests (a), marshes (b), and hardwood hammocks (c) in their abundance (i.e., percent pixel cover) between 1985 and 2017. The sample ﬁgures in (b), (d), (e), (g), and (h) show the linear
regression between abundance and time for a selected pixel. Note that data during posthurricane years were not included
in these calculations. The detailed changes of the mangrove boundary in regions 1 and 2 of (a) are shown in Figures S3 and
S4, respectively. The locations of canals (L-28, L-29, L-30, etc.) are shown in (f).
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Figure 9. Distributions of damaged mangrove forests during posthurricane years, colored in red in (a)–(h). Red arrows point to
the directions of the hurricane tracks, and black lines show the paths of the hurricane eyes. The names of the hurricanes
and their corresponding wind speeds are annotated on each panel. Each panel has two Landsat names, representing prehurricane and posthurricane images used to calculate the changes. Wind speed of 1 kt is equivalent to 0.514 m/s.

same dry season of a year, as only one image was used to represent that year. The area of mangrove forests
determined from two Landsat images within 96 days of the same dry season differed by only <2.9% (1.4%
between LT519860105 (area: 1318.1 km2) and LT519851102 (area: 1299.8 km2), and 2.9% between
LC820171228 (area: 1306.2 km2) and LC820171212 (area: 1343.5 km2)), indicating that the area of the
mangrove forests was relatively stable within a short period (1–3 months) in the dry season. Assuming that
these uncertainties are independent, the uncertainties in the estimated total area of mangrove forests
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1:4%þ2:9%2 9:4%þ8:4%2
). These uncertainties are
from individual images are about 9.2% ( 9:2% ¼
þ
2
2
much lower than interannual changes due to hurricane perturbations, suggesting that the observed
changes after hurricanes are realistic instead of being algorithm artifacts.
The last uncertainty source is the unmixing scheme, but it only impacts accuracy at individual pixel level
instead of total area estimates. Figure S8 shows the relationship between Landsat-derived mangrove forests,
marshes, and hardwood hammocks in their pixel-based abundance (i.e., subpixel coverage) and true abundance calculated from the corresponding 1-m resolution DOQ images acquired on 24 December 1999.
The 621 randomly selected coregistered Landsat pixels and coregistered DOQ pixels around the watermangrove/marsh-mangrove boundaries showed an overall URMSU = 46.6% and R2 = 0.45 but negligible bias
if the total mangrove forests area were to be estimated from all mixed pixels (Figure S8a). Similar results were
obtained for marshes and hardwood hammocks, indicating the effectiveness of the spectral unmixing.
Table 2
Tropical Cyclones Passing Through or Near ENP Between 1985 and 2017
Date

Name

12 October 1987
24 August 1992
15 October 1999
21 September 1999
13 August 2004
26 August 2005
24 October 2005
30 August 2006
19 August 2008
10 September 2017

Floyd
Andrew
Irene
Harvey
Charley
Katrina
Wilma
Ernesto
Fay
Irma

Wind
speed (kts)

D (km)

Impact
2
area (km )

57
114
57
44
125
66
97
35
48
120

59.6
13.5
6.1
63.2
162.0
8.4
70.5
7.5
82.6
81.2

61.1
644.9
—
—
94.3
—
588.5
—
—
183.8

Note. kts stands for knots; 1 knot = 0.514 m/s. ENP = Everglades National
Park.
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Several studies have used higher temporal resolution but coarser spatial
resolution data collected by the MODIS to address the potential short-term
variability within the same dry season. For example, time series MODIS
vegetation index products have been used to determine mangrove
changes or recovery rates after Hurricanes Katrina and Wilma (Barr et al.,
2012; Wang, 2012). However, the 250-m resolution MODIS data lack sufﬁcient resolution to discriminate patchy features of the wetland cover types
and hurricane-induced losses, and they cover a much shorter time span
(2000 to present) than Landsat (1985–2017 in this study). As the Landsat
missions continue in the future, it should be straightforward to amend this
study with future Landsat images to form a seamless long-term
data record.
5.2. Driving Forces Behind the Changes
In addition to the apparent impact of hurricanes on the annual ﬂuctuations
in mangrove cover, other environmental factors may have also inﬂuenced
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the mangrove distributions and total areas. These include sea level, local
precipitation, and water temperature (Alongi, 2008; Gilman et al., 2008;
Osland et al., 2016).
To test whether the observed long-term changes of mangrove forest are
related to sea level rise, the relationship between mangrove area and
annual mean sea level was examined, with results shown in Figure S9a.
In Figure S9a, annual mean sea level between 1985 and 2016 is plotted,
with posthurricane years marked in red and normal years marked in blue.
A statistically signiﬁcant increasing trend (p < 0.05) was observed for
annual mean sea level during the three-decade period, with a mean
changing rate of 4.96 ± 0.69 mm/year. There is no apparent changing
pattern in posthurricane years as compared with adjacent years, indicating
Figure 10. Relationship between the inverse distance weighted normalized that sea level had little to do with the posthurricane changes in mangrove
wind speed (i.e., wind speed/D) and Landsat-derived damaged mangrove
coverage. If these posthurricane years were removed, Figure S9b still
areas in posthurricane years. D represents the distance between the hurrishows negligible correlation between sea level and mangrove coverage
cane path and the geometrical center of the Everglades National Park manbefore 2014 (green points in Figure S9b). However, if data from the last
grove forests.
three years (2014–2016) are added to the time series, the relationship
between sea level and mangrove coverage becomes statistically signiﬁcant (R2 = 0.33, P < 0.05, n = 13).
The exact reason of this contrast is unclear, but it is speculated that the mangrove response to sea level rise
could be minimal until a threshold of cumulative impacts (e.g., salinity intrusion from multiple storm surges)
is crossed.
Sea level rise can change water level and salinity at freshwater sites upstream of the marsh-mangrove boundary (Karamperidou et al., 2013). Previous studies showed that the inner boundary of the mangrove has moved
toward land for about 1.5 km on average in the South Saline Everglades, primarily attributed to sea level rise
in recent decades (Ross et al., 2000). Thus, mangrove encroachment onto marsh area in the inner coastline
area (Figure 8a) as well as the increased total mangrove coverage in 2014–2016 (Figure S9b) could be
explained by sea level rise, which can induce salinization or movement of seedlings into previous
freshwater areas.
In addition to hurricanes and sea level rise, changes in local temperature and/or precipitation may also inﬂuence the spatial patterns of the ENP wetland. Both temperature and precipitation showed signiﬁcant ﬂuctuations during the past three decades, but no statistically signiﬁcant correlation with changes in mangrove
forests area was found (Figure S10). There were several signiﬁcant cold events that affected the vegetation
of the ENP region (Barr, 2013; Osland et al., 2014; Ross et al., 2009). However, due to lack of cloud free
Landsat images immediately following the cold events, such potential impacts of cold events could not be
analyzed, but the impacts are expected to be short lived.
Waters discharged from Lake Okeechobee to the Everglades by the South Florida Water Management
District can alter the salinity and water level of the ENP wetlands and the growth of mangrove and
other wetland vegetation. However, it has been reported that the impact of such releases on the
Everglades mangrove forests is not signiﬁcant (Karamperidou et al.,
2013). This study found that along the canals L-29 and L-67EXT the coverage of hardwood hammocks increased but marshes decreased (Figures 8c
and 8f), suggesting localized human activities is responsible for some of
the marsh to hardwood hamock changes.
5.3. Implications for Future Work

Figure 11. The long-term changes of the mangrove forests area for the pixels showing negative changing rates in the outer coastal area (see the location in Figure 8a) from 1985 to 2017.
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This study provides baseline quantitative coverage data to evaluate annual
changes of mangrove forest and other wetland cover types in the ENP
using a new validated methodology. Using this approach will make it
straightforward to to rapidly quantify future changes to the vegetation
for management and Everglades restoration decisions. In particular, the
detailed classiﬁcation maps showed an overall increase in the ENP mangrove coverages, while 3.2 km2 mangrove forests were lost in the outer
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coastline area from 1985 to 2017, and most of these decreases only occurred in the posthurricane years.
Therefore, local restoration effort should pay more attention to these regions in the future.
Major changes in the ENP mangrove forests were found to be driven mainly by hurricanes, where wind speed
and proximity to mangrove forests are two key factors to effect a posthurricane change. Sea level rise appears
to have a cumulated effect after 2014. These driving factors of mangrove changes are different from many
other regions. For example, using geographic information system and remote sensing data between 2002
and 2012, Richards and Friess (2016) quantiﬁed the spatiotemporal changes of mangrove forests in
Southeast Asia. An average annual loss rate of 0.18% was found, with major driving factors being rice agriculture and oil palm expansion. Agricultural and aquaculture expansion as well as other urban development
were also found to be responsible for mangrove deforestation in the tsunami-affected region of Asia (Giri
et al., 2008). On the other hand, in many tropical and subtropical regions under hurricane inﬂuences, hurricanes have played a key role in mass mortality of mangrove forests, for example the adverse impacts on
the 10 Caribbean mangrove forests in the past 50 years after the passage of large storms (Jimenez et al.,
1985). Yet in all these previous studies it is difﬁcult to quantify trends reliably in mangrove losses due to sensor differences (wavelengths, spectral responses, and calibrations) and algorithm differences. One reason
behind the success of the classiﬁcation and the time series analysis in this study is the reﬂectance-based
cross-sensor calibration, which takes account not only sensor differences in band settings and spectral
responses but also differences in data processing and residual errors from atmospheric correction. Spectral
unmixing is also key to medium-resolution data such as used here (30-m resolution) in order to quantify mangrove (and other cover type) coverage. Thus, it is expected that a systematic, sustainable mangrove monitoring program to assess the mangrove coverage changes using methods developed here can be implemented
in the future for many other regions to study mangrove changes in response to climate variability and
human activities.
Hurricane-induced storm surge and strong winds posed signiﬁcant damage not only on mangrove forests
but also on the other landscapes (urban infrastructure such as roads and buildings; other wetland landscapes
such as marshes and hardwood hammocks). If different cover types are spectrally distinguishable in the
visible-NIR spectral regions, the methodology developed here can also be used to monitor and assess
changes of these cover types, which may provide useful information on vulnerability hotspots to help local
restoration efforts. For example, in the United States, coastal wetlands along the Gulf Coast states (Florida,
Alabama, Mississippi, Louisiana, and Texas) represent a major portion of coastal wetlands of the nation, but
they are all under constant stress from hurricanes and other perturbations as they are located downstream
of one of the world’s largest tropical cyclone zones. The methods developed here may be applicable to other
wetlands along the Gulf Coast to assess their temporal changes. Likewise, various restoration projects have
been enabled for these wetlands, particularly after the Deepwater Horizon oil spill in 2010 (https://www.
restoration.noaa.gov/dwh/storymap/). Although some of the individual restoration projects may have been
monitored with results available in gray literature, we are not aware of any comprehensive analysis in the
peer-reviewed literature to cover synoptic spatial and multidecadal temporal scales. Consequently, there
are signiﬁcant uncertainties and knowledge gaps related to these restoration projects. The study here thus
may serve as a template to assess wetland changes before and after local restoration projects and further
to provide guidance in identifying places of high vulnerability to evaluate the effectiveness of restorations.

6. Conclusions
Based on spectral analysis of different wetland cover types, a stepwise classiﬁcation and unmixing method
has been developed to classify and quantify main cover types of the ENP wetlands between 1985 and
2017. Several ﬁndings can be summarized from this study. First, the coverage of mangrove forests as a whole
showed signiﬁcant increasing trend from 1985 to 2017, yet signiﬁcant decreases were found after strong and
direct hurricanes. Typically, the decreased mangrove area would recover to prehurricane level in 3–4 years. At
local scale there has been a disparity between the outer coastline region and inner coastline region, with the
former showing overall a decreasing trend but the latter showing an increasing trend. The coverage of mangrove forests and marshes showed opposite changing trends in the mangrove dominated coastline area.
Overall, the decrease of mangrove forests coverage in the outer coastal area was due mainly to hurricane disturbance, and the coverage of mangrove forests expanded within the ENP by approximately 172 km2
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between 1985 and 2017, which appears to be a result of sea level rise induced salinization and movement of
seedlings in to previous freshwater areas despite episodic perturbations by hurricanes. While the current
study is focused on the inﬂuence of hurricanes, other types of tropical cyclones such as tropical storms or tropical depressions could also cause damage to the ENP mangrove forests as well as to other wetlands.
This study presents a reliable method to systematically evaluate long-term changes of the major wetland
cover types in the ENP, whose success is attributed to the following: (1) relatively consistent reﬂectance data
from the Landsat sensor series; (2) cross-sensor calibrations to account for residual inconsistency among
Landsat TM, ETM+, and OLI data; (3) spectra-based end-member selection and unmixing schemes; and (4)
availability of hurricane, meteorological, water management, and ancillary data. Because of the availability
of similar data for many other wetlands around the Gulf of Mexico, the approach may be extended to other
similar regions to study long-term changes of wetlands in response to climate variability and
human activities.
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